This paper documents the link between risk, stability, and access to credit markets in an emerging economy. Annual credit loss distributions of Chilean banks are presented for the period 1999-2005 providing, we believe, the first empirical evidence of the cyclical pattern of expected losses and unexpected losses of bank loan portfolios in emerging countries. The paper provides three main contributions to the debate on bank solvency and access to credit markets. First, it derives non parametric estimators of expected losses and unexpected losses, free from model error and, in particular, from distributional restrictions. Second, it shows how the distribution of credit losses for portfolios of retail and commercial loans is affected by the lumpiness of bank loans. Finally, it shows that the shape of credit loss distributions helps select appropriate policies to promote broader and sounder access to bank credit for the poor and the unbanked.
INTRODUCTION
Risk-based capital requirements have often been identified in emerging countries with a higher cost of credit and more restricted access to bank lending. It is not surprising that strict adherence to risk management precepts and support for broader access to bank credit have often been perceived as antagonistic strategies. This paper supports the opposing view that risk management and access policies are, instead, complementary.
From a conceptual viewpoint, it is clear that the improvement of credit risk assessment implies, for any given level of accepted bad borrowers (Type II error, assuming the null of solvency), a smaller number of rejected good borrowers (Type I error). Good risk assessment, if anything, should improve access to credit markets, moving forward the frontier of eligible bank customers by reducing the grey zone, where a blurred perception of risk impedes credit decisions.
The main subject of this paper is credit risk, and the tools under consideration are largely drawn from the literature on credit risk measurement. The conclusions, though, reach beyond the traditional area of bank solvency and shed new light on the conditions under which previously excluded individuals and communities could gain access to credit markets. In particular, we argue that loan loss distributions -a central component in any credit risk assessment -should play a similarly prominent role in any strategy aimed at broader lending to the poor and the unbanked. Accordingly, we suggest that a "distribution-based" approach to access policies would allow large cohorts of potential borrowers to benefit from the positive externalities associated with recent advances in risk measurement.
The link between risk and access is not new and has been explored in a number of previous contributions on the effect of credit information on access to credit by previously rationed customers. The literature has focused at the theoretical level on the benefits that "reputation collateral" can have for potential borrowers lacking physical collateral, by reducing adverse selection (Jappelli and Pagano, 1993) and on moral hazard (Padilla and Pagano, 1997) . At the empirical level, a growing body of evidence shows that the existence of credit information sharing is associated with deeper credit markets (Miller, 2003) . Among this latter set of contributions, we find several references to the relevance that a proper knowledge of the distribution of good versus bad borrowers play in broadening access to credit markets (Barron and Staten, 2003) . What this literature shows is that by making use of better statistical information, the shape of the distribution of loan portfolio payoffs for any given lending policy can be improved, reducing the probability of negative occurrences.
From a different perspective, bank regulators and supervisors have been looking at the same payoff distributions, asking themselves what the risk features of different lending instruments are, to define the appropriate levels of capital requirements.
Our analysis moves from the perspective of a bank supervisor located in an emerging country, who wishes to assess the features of the loan loss distribution to determine the appropriate size of capital and loan loss reserve requirements. Such effort is justified by the fact that Basel II capital requirements are calibrated on industrialized countries' experience and may not fully capture the characteristics of credit risk in many emerging countries. In addition, a lack of internationally recognized standards for loan loss reserves makes it impossible to define a coordinated set of rules for bank capital and loan loss provisions without a thorough measurement of loan loss distributions. This paper presents the results of an exercise jointly undertaken by the
Superintendency of Banks and Financial Institutions of Chile (SBIF) and by the World
Bank to provide a sound empirical basis for future solvency regulations. The relevance of these results, though, should not remain confined to the technical audience of bank regulators and supervisors because -we claim -they can shed light on the "twin" issue of access to credit services, which ranks high in the social and policy agenda as well as in the academic agenda of analysts of financial and economic growth. The distribution of credit losses in Chile is therefore explored with these "twin" objectives in mind. We can anticipate some of the main results of the paper. First, the paper provides an extensive set of non-parametric estimates of expected loss (EL) and unexpected loss (UL), free from model error, i.e. from model assumptions and, in particular, from distributional restrictions. The specific advantage of the chosen approach is that it allows the estimators of EL and UL to be derived without prior assumptions about the shape of the distribution of loan losses.
Second, we empirically verify the role that loan size plays in determining the distribution of credit losses. In Chile, loans similar in size to the average per capita GDP show losses quasi-normally distributed, while larger loans exhibit asymmetric, fat-tailed, left-skewed distributions. This is not a mere statistical finding: it portends to wholly different risk management techniques for small loans, allowing for the automated processing of loan applications, whereas the traditional, manual, relationship-based processing remains appropriate where infrequent but large losses are the norm. This evidence provides a conceptual justification for the increasing automation of retail lending, and in particular of micro-lending. Also, it suggests that different solvency rules may be required for loan portfolios that exhibit radically different loan loss distributions, possibly reducing the regulatory cost of micro-lending and lowering the entry point to the provision of financial services. Overall broader opportunities exist for prospective borrowers whose loans exhibit a largely predictable payoff.
Third, our estimates cover the last upswing of the economic cycle in Chile, offering the first evidence -we believe -of cyclical behavior of ELs and ULs in emerging countries, and providing the basis for the estimation of an unconditional distribution of credit losses that may help calibrate a coherent regime of capital and loan loss reserves in Chile. At the same time, the lower cyclical sensitivity displayed by small loan portfolios' payoffs strengthens our assumption that an appropriate understanding of loan loss distributions may present households and small-sized borrowers with additional access opportunities to credit markets.
The paper is structured as follows: Section II will describe the quantitative approach followed by the SBIF to assess level and changes of credit losses in Chile.
Section III provides a summary review of the recent economic cycle in Chile as a background to the following analysis. Section IV discusses the determinants of the different shape of credit loss distributions for portfolios of small and large loans. Section V shows the results of the estimation of EL and UL along the cycle. Section VI concludes, suggesting areas for future work.
II. DATA AND DERIVATION OF CREDIT LOSS DISTRIBUTIONS
Non parametric estimates of ELs and ULs of bank loan portfolios can be obtained through bootstrapping techniques as recently proposed by Mark Carey (2002) and by Majnoni and Powell (2005 In the domain of credit risk measurement, important model-based alternatives are
represented by the KMV model linked to Merton's option-based approach, the McKinsey macroeconomic simulation model, the Riskmetrics model -tied to observed transition matrices, the CreditRisk + actuarial approach, up to the implicit model that underlies the Basel II framework (Gordy, 2000) . All of these models rely on different and often very stringent assumptions about the number of factors, the form of statistical distributions or the values of specific parameters. For these reasons, model-based estimators of EL and UL always present a margin of uncertainty due to estimation errors as well as to model errors. Estimation errors are particularly relevant in finance, where asset pricing models deal with generally unobservable risk factors whose identification is problematic and may generate a broad spectrum of misspecification errors. Model errors, instead, are linked to specific assumptions concerning the factorial structure of the model or the shape of random variable distributions often required to simplify model solutions, but whose realism is often difficult to test 2 .
There is no golden rule on the appropriate combination of non-parametric and parametric inferences. In this case, the analytical intractability of sufficiently general models of credit risk and the statistical complexity of testing the restrictions of analytically simpler models suggest the usefulness of a Montecarlo simulation approach.
Sampling from the universe of past realizations will provide a faithful replica of the unobservable loan loss distribution from which historical realizations have been generated. In other words, a Montecarlo simulation gives us nothing less than an "X-ray" of the hidden distribution of credit risk and an important support in the formulation of accurate diagnostics and appropriate financial policies.
Let's now turn to the "main assumption and definitions" adopted in the construction of the universe(s) of reference of the bootstrapping exercises.
• Universe of reference. The universe of reference is that of commercial loans to nonfinancial institutions granted by Chilean supervised financial institutions and censored by the Chilean Credit register. Loans are defined as the consolidated exposures of individual borrowers in place at the initial date of the analysis (December 31 of each year). The positions may include a small amount of nonperforming loans (less than 5 percent of total exposures) to account for delays due to inefficiencies, rather than to inability to repay. We have then partitioned all the loans censored in the Chilean Credit Register into three dimensional categories ( Table 1 ).
The first includes loans of unit value smaller than 1 million Chilean pesos (approximately US$2,000), the second includes loans between 1 and 10 million Chilean pesos (approximately US$2,000 and US$20,000), and the third includes all the loans larger than 10 million Chilean pesos. We selected the second and third groups of loans (excluding the group with the smallest loans) as our two universes of reference. We were not able to link individual loans to the size of the borrower (as measured by sales, assets or number of employees) but, given current firm classification in Chile 3 , we can establish some broad linkages between loans and firms according to size. In particular, the first set of loans is likely to be dominated by small and micro-firms. It represents less than 3 percent of the value of outstanding loans, but over 20 percent of outstanding borrowers, indicating its modest relevance from a stability perspective, but its significantly greater importance in terms of access to financial services. The second set of loans, on the other hand, caters to the financial needs of large firms, and of the larger among medium-sized firms. With almost 97 percent of total bank loans and 12 percent of total borrowers, it has a clear systemic relevance. A further element of interest, which is discussed in detail in section IV, is that the median value of smaller loans is equal to approximately US$6,000, and coincides with the Chilean average per capita income evaluated at current prices. The median value for the universe of larger loans is ten times larger, and equals approximately US$60,000.
• Default period. Bank borrowers' behavior was observed for an entire calendar year.
That is to say, the position of existing debtors as of December 31st of any specific year was analyzed during the subsequent twelve months. The study is replicated for the 7 years between December 1998 and December 2005.
• Default event. According to international practices, all debtors who, in a specific year, presented past due payments exceeding 90 days were considered in default. To avoid including delays and material errors, past due payments should involve positions exceeding 5 percent of total debt.
• Loss given default. Consistent with Basel II assumptions, a loss given default is calculated as equivalent to 50 percent of the defaulted position.
Based on the two selected loan universes we have then performed a series of Montecarlo simulations aimed at devising the distribution of credit losses for loan portfolios of standard size (in terms of the number of loans), with loans drawn respectively from one or the other of the two universes. The procedure can be phased into three steps and each sequence of step was replicated for the portfolio of large loans and for the portfolio of smaller loans. Descriptive statistics of the two universes of reference are provided in Table 2 . The composition of the universe of larger loans between performing and non-performing loans is presented in Table 3 4 .
The second step consists in the construction of a distribution of simulated portfolios' values. All portfolios feature a common and fixed number of 500 loans that is justified on statistical grounds by the size of the universe 5 and on positive grounds by the comparability with the results of similar exercises performed in previous studies by Carey (2002) and by Majnoni and Powell (2004) . Value and composition of each portfolio are determined by the sum of 500 random draws without replacement from the loan universe.
We have constructed 20,000 portfolios by replicating the previous exercise 20,000 times, each time with replacement. Although a number of resamplings, largely inferior to the 20,000 adopted, is considered sufficient- Efron (1988) considers that between 1,000 and 2,000 resamplings are sufficient to guarantee a close approximation of the unobserved distribution-we have resorted to this larger number of simulations to be able to measure with sufficient confidence the far tails of the distributions. Table 4 provides descriptive statistics of the distribution of the 20,000 simulated portfolios' nominal values. 4 Due to space limitations the full set of descriptive tables have been reported only for the portfolios of larger loans. 5 It is relevant to underline that a sample of 500 debtors is appropriate to the universe of Chilean bank borrowers, as it is associated with a level of confidence of the 99 percent and a sampling error of 3 percent, (figures that are considered sufficient to obtain good estimators of the population).
The third and final step consists in the identification of defaulted loans in each of the 20,000 portfolios 6 . Based on the number and size of defaulted loans in each portfolio, we can define the size of loan losses, as a percentage of the value of the portfolio at the beginning of the reference year, and define the frequency distribution of credit losses emerging from our 20,000 observations. Descriptive statistics of the simulated losses for the portfolio of larger loans for the seven year period are reported in Table 5 
III. RECENT CYCLICAL ECONOMIC AND FINANCIAL DEVELOPMENTS IN CHILE
The main developments of the Chilean economy in our sample period are summarized below, to provide essential background before carrying out a detailed analysis of the evolution of ELs and ULs across different types of loans and across time.
The years 1999-2005 span the ascending phase of the cycle of the Chilean economy.
Economic growth reached a minimum in 1999 with reduction of per capita GDP by nearly 2 percent (Table 6 ) and an unemployment rate of 10 percent. Starting in the year 2000, economic activity started growing again, bringing per capita GDP growth in 6 Each portfolio can be seen as the sum of a series of 500 Bernouilli trials. If loans are of equal size these portfolios follow a binomial distribution. Consequently the distribution emerging from our 20,000 iterations may be expected to deviate from a binomial the larger is the heterogeneity of loan sizes. 
IV. CREDIT RISK EXPOSURES ACROSS DIFFERENT LOAN PORTFOLIOS AND COUNTRIES
It is now time, after the methodological and historical introductory sections above, to start analyzing in detail the shape of the distributions of the two selected groups of loans. Charts 2 and 3 and Tables 7 and 8 show the remarkable difference of loan loss distributions of bank portfolios composed by loans of different sizes. The questions that we ask ourselves are: How do we characterize these differences? Are they due to the size of loans? Are they due to the behavior of different groups of borrowers? We provide a set of tentative answers to these questions based on empirical evidence derived from our simulated distributions.
The difference between the two distributions is particularly striking (Chart 7). The loss distribution of large loans has the traditional skewed form that is expected from loan portfolios, while the distribution of small loans shows the symmetrical distribution that, according to statistical theory, should characterize portfolios with a large number of similarly sized loans 7 . These distributional differences are particularly interesting for the policy maker as they may substantiate different financial strategies. In fact, the quasinormality of small loans' loss curves means that the occurrence of large and infrequent losses is not an element of concern, and that lending processes can be greatly simplified, leading possibly to the automatic processing of loan applications. On the contrary, when losses are infrequent, but may be very large -as signaled by asymmetric and fat-tailed distributions, automatic processing is not to be sought as it may lead to the loss of specific but very important information. In other words a similarly effective scoring model could lead to the observed distributional differences justifying the use of different lending technologies for different (large and small) borrowers.
The difference between these distributions is largely due to the different degree of lumpiness displayed by the two portfolios. Small loans are capped by a maximum value that effectively insures a high portfolio granularity and a symmetric distribution that, for a high number of observations, converges to the normal. Very different is, instead, the unit size of large loans. These loans are not constrained by a cap, and their portfolios do not present the basic granularity conditions required for a symmetric distribution.
. Establishing a precise link between portfolio lumpiness and risk is not a purely statistical statement. On the contrary, it has important normative implications, since it shows why concentration limits (the equivalent of caps on loan unit value) represent an integral part of solvency requirements. 8 Analogously it provides a statistical foundation to the common practice of commercial banks of establishing loan approval limits that increase with managers' seniority and experience. Each manager would, in fact, have authority over a commonly sized pool of loans and could therefore benefit from the greater statistical regularity that characterizes the distribution of similarly sized loans. As the size 7 Note that the binomial distribution that characterizes portfolios of equally sized loans converges to the normal distribution for a sufficiently large number of loans. 8 We have tested the consequences of a reduction of bank size (loan portfolio) but not of the loan size (increase in loan concentration) by cutting in half the number of loans in each simulated portfolio (250 versus 500) and measuring the resulting EL and UL. We show ( Why then bank loans of larger size could not be grouped according to their size to obtain (as we did for the group of small loans) a series of normally shaped distributions?
Unfortunately, since the number of loans decreases when their size increases, this is not possible and the distribution of credit losses does not converge to a normal distribution.
In our estimation exercises, for example, the number of debtor positions available to estimate ELs and ULs decreased from approximately 178,000 for similarly sized small loans (i.e. comprised in the interval US$2,000-US$20,000) to 101,000 for loans included in the enormously larger interval between US$20,000 (Ch$10m) to US$334million
(Ch$167m) ( Table 2 ). The presence of very different loan sizes generates "lumpy" portfolios whose losses do not follow the binomial distribution: the presence of few loans of large size increases the number of large losses occurring with low probability, generating the asymmetric, fat-tailed distributions presented in Table 7 and in Chart 2.
implications for retail lending and household access to credit. As previously observed, symmetric, quasi-normal distributions of loan losses allow for automated loan application and processing procedures, which significantly lower risk and lending costs. It is likely that the current explosive development of retail lending and-to a minor extent-of micro-lending, that we observe in most of the developing world may be linked to the identification of loan portfolios that display quasi-normal payoff distributions.
Summarizing, our evidence suggests that the possibility of managing risk through the simple observation of statistical repayment regularities decreases rapidly as we move from small to large borrowers. Large borrowers may be subject to large and infrequent errors of judgment and may cause, therefore, large losses with low probability, requiring information intensive technologies to screen new loan applications.
Overall, different information processing technologies should be considered for the two different universes of loan instruments. "Arms' length lending" technologies are generally identified with the use of scoring models calibrated on a large number of observations, while "relationship lending" technologies rely more on ad hoc information that banks gather through the complex set of interactions with their clients.
The higher precision of forecasts about losses -and the associated lower uncertainty cost -more than offsets (in our sample) the higher cost of ELs of "arm's length lending" to large numbers of small borrowers suggesting that the application to emerging countries of largely tested retail lending techniques based on scoring procedures may lead to a lower cost of lending and/or to a larger availability of credit to previously rationed customers. The broad supply by US banks of "pre-approved" credit card to low income customers may be an example of these policies in a developed Most of the previous considerations are related to loan size independently from institutional considerations. Bootstrapping techniques, however, permit verification of the claim that different institutional frameworks affect banks' risk exposure, comparing EL and UL of otherwise similar portfolios in different countries. We did not have sufficient cross country evidence to further explore this point, so we had to limit our cross country comparison to only two countries (Argentina and Chile) and to only the period where we had comparable data. The results presented in Table 9 The empirical evidence presented in this section suggests that, where loan size is small with respect to total portfolio, the loss distribution is a) symmetric, b) requires higher levels of provisions but lower levels of capital, and c) is relatively insensitive to the cycle. The reverse is true when loan size increases with respect to the size of the bank. It is likely that a distribution-based loan classification could be of help in detecting the appropriate lending technology. Although our results are indicative of policy and regulatory developments, they should be interpreted with caution for several reasons. 9 The main challenge deriving from the link between income distribution and loan distribution is that for very low income countries income cluster may be found for very low income levels preventing the exploitation of scale economies and the supply of credit.
First, the severity of loan losses can vary across different assets and different institutional settings, a feature not considered in this paper, where we have assumed an invariant 50 percent Loss Given Default (LGD) ratio. Second, EL and UL are generally affected by risk management capacity and it is therefore possible that the risk exposure of randomly selected portfolios may over or underestimate the risk exposure of a specific bank. Third, considerably more evidence should be gathered for countries with different per capita income levels to better understand how different lending technologies can spread across countries, broadening access to financial services without reducing stability.
V. CREDIT LOSS DISTRIBUTION OVER THE ECONOMIC CYCLE
Credit loss distributions along the economic cycle depend on the prevailing macroeconomic conditions. Our seven-year sample period spans the upswing phase of the cycle in Chile and permits us to observe how changes in the economic conditions affect loan loss distributions. Chart 3 shows the sequence of annual loss distributions for larger loans. At the start of the period, which marked the low point of the cycle, the curve has a flat shape and a marked fat tail. Over time, as the economy recovers and moves toward the peak of the cycle, the shape of the curve changes, acquiring a steeper slope and a thinner tail, and correspondingly smaller values of expected (the mean) and unexpected (the selected percentile level) losses. The results obtained for the period of seven years between December 1998 and December 2005 offer the first evidence, to our knowledge, of the behavior of credit losses along the cycle in an emerging economy. Table 7 presents the time series of ELs and ULs derived from the same distributions, with ULs measured at the level of the 95th, 99th and 99.9th percentiles. Three main observations can de derived from the gathered evidence.
First, we observe that ELs shrank from 2.8 to 1.0 percent of the loan portfolio, or to almost one-third of their value going from the trough to the peak of the cycle. This suggests the importance of a pro-cyclical provisioning policy that could offset the oscillations of EL by requiring a replenishment of loan loss reserves in good times (for example from 1.0 to 2.8 percent of the loan portfolio) and allowing a reduction in bad times (for example from 2.8 percent to 1.0 percent) 10 .
Second, ULs too became smaller. Measured at the level of the 99.9 percentile, they went from 12.4 to 10.1 percent of the loan portfolio with a reduction of almost 25 percent. These figures refer to "leverage" ratios (i.e. Tier 1 capital over total loans) and therefore suggest a quite demanding level of capital requirements. Table 7 
VI. CONCLUSIONS
Changes of expected and unexpected loan losses over time and across different loan portfolios reflect differences in the underlying loan loss distribution. This paper has provided a measure of loan loss distributions for selected bank loan portfolios, based on data from the Chilean Credit Register, and has shown the different features of loan loss distribution of large and small loans as a possible guide to appropriate risk and access policies.
We believe that these estimates provide the first detailed evidence of how ELs and ULs behave over the cycle and across different loan portfolios for an emerging country.
Moreover, the evidence presented in this paper suggests relevant regulatory developments that could better tailor solvency and provisioning rules to the risk of different categories of borrowers and sizes of loans. We suggest that a "distributionbased" approach could provide powerful tools to distinguish loan portfolios whose efficient management should rely on "relationship" lending technologies (characterized by asymmetric distributions) from those that should instead rely on "arm's length" lending technologies (characterized by quasi-normal distributions).
While the implication of different loan portfolio payoffs appears to have been studied in depth by bank risk managers and supervisors, this does not appear to have been the case for policymakers interested in deepening the banking market. We claim that this is an important omission because the empirical evidence may help detect when loans reap the benefits of diversification and access can be broadened without negative profitability consequences.
We conjecture that the main features of loan distribution are linked to those of income distribution. Although this proposition can be tested only with a cross country dataset some of its implication may be anticipated. In the first place bank credit polarization around small loans may provide favorable conditions for cheaper and broader supply of credit to the low income segment of the population. In addition, it is to be expected that the growing inequality of income distribution that takes place during economic contractions may play an independent negative affect on the cost and availability of credit. We have not ventured into the normative implications of our results.
This is a more complex task for which additional evidence is required. 
ANNEX 1. Bootstrapping Method
The key steps of a bootstrapping estimation procedure are:
1. Generate an empirical distribution probability,
, from a sample assigning probability equal to 1/n at each point, x 1 , x 2 , ..., x n . This is the empirical distribution function (EDF) of x, which is the non-parametric maximum likelihood estimator of the population distribution function, F(X).
From the EDF, ) ( x F
, a simple random sample of size n with replacement is extracted. This is the * b
x "resample".
3.
The statistic of interest θˆ is calculated from that resample, obtaining * b θ .
4.
Steps 2 and 3, are repeated B times, where B is a large number (the actual size of B depend on the tests that will be conducted on the data. In general, B should be between 50 and 200 to estimate the typical error of θˆ, and of at least 1.000 to estimate confidence intervals around θˆ (Efron y Tibshirani, 1986 ).
5.
Generate a probability distribution from all B, It is important to point out that the number of 20.000 samples was selected to replicate studies already performed in other countries and to allow the inclusion of the largest possible combination of debtors.
ANNEX 2. Income and Loan Size Distributions
The link between income distribution and the distribution of bank loans by size may provide useful information for extending bank credit to new cohorts of customers. For instance, a detected link between the modes of the income and of the loan-size distributions could be exploited across countries potentially favoring a broader "bankarization" in those countries where bank lending has been limited to large borrowers. In fact, from income distribution we could infer which loan size could most likely benefit from statistical regularities and from the adoption of cost effective "arm's length" lending technologies. We provide two different motivations for a link between income and loan size distribution: the first relevant for individuals and small family businesses, the second for larger non financial firms.
In the first case, the link between loan value and income can be intuitively derived from the conditions for dynamic convergence of public debt 11 . Banks, in fact, will not lend to borrowers whose debt exceeds their repayment capacity, just as investors will not underwrite bond issues of sovereigns whose debt does not meet stability conditions. The loan to income ratio plays for individuals the same role the debt to GDP ratio plays in insuring debt sustainability at a macro level (Blanchard, 1990) . In particular, we can say that a bank will, on average, consider an individual or a household in good standing if their debt to per capita GDP ratio (d) is smaller than their saving rate (s) divided by the difference between the charged real interest rate (r) and per capita GDP growth (g):
When equation 1) becomes binding (holds as an equality), the equilibrium debt/income ratio is affected negatively by the excess of the real rate over economic growth and positively by the saving rate. In this simplified setting, countries with similar s/(r-g) ratios and similar income distributions would present similar payoff distributions for loans representing a common multiple of per capita GDP. Should the debt/income ratio (d) be equal to 1 across countries one would expect to find similar distributions for loans of very different size but equal to per capita GDP (i.e. US$ 30,000 loan in the USA, US$ 6,000 in Chile, US$ 2,500 in Brazil or US$ 300 in Haiti) (Chart 10). This would justify the application of the same lending technology to loans which, although progressively smaller in nominal terms, have a common link to the repayment capacity of the most densely populated income class in a given country. What relationship exists in the 11 It is also important to recall that in our empirical exercises loan exposures represent the total bank debt of a borrower with the banking system as a whole. 
